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This	 low	agreement	 rate	 suggests	 that	a	greater	number	of	experts	 is	 required	 to	
produce	reliable	assessments	and	to	more	fully	understand	the	reasons	underlying	
lack	of	consensus.	While	area	under	curve	 (AUC)	 statistics	 showed	generally	very	
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models	 is	a	burgeoning	 field	yet	producing	models	 that	are	cred‐
ible	when	 applied	 in	 predictive	mode	 and	 easy	 to	 use	 is	 a	major	
challenge	 (Evans	 et	 al.,	 2013;	 Houlahan,	McKinney,	 Anderson,	 &	
McGill,	2017).	Independent	validation	of	the	performance	of	mod‐




tributions	 of	 species	 based	on	 correlative	matching	of	 presence/
absence	 or	 presence‐only	 datasets	 to	 environmental	 covariates	
(Elith	&	Leathwick,	2009;	Guillera‐Arroita	et	al.,	2015).	The	advan‐
















empirical	 SNM	 are	 likely	 to	 see	 continued	 development	 and	 use	
but	 in	 parallel	 with	 building	 more	 sophisticated	 hybrid	 models.	
Wise	application	of	SNM	is	also	fostered	by	the	guidance	emerging	
from	a	growing	number	of	large	scale	tests	of	model	transferability	
in	 space	 and	 time	 (Dobrowski	 et	 al.,	 2011;	Norberg	 et	 al.,	 2019;	
Pearman	et	al.,	2008;	Yates	et	al.,	2018).
The	 urgency	 of	 the	 problems	 typically	 addressed	 by	 SNM	
has	 also	 meant	 an	 increase	 in	 the	 formal	 inclusion	 of	 expert	
knowledge	 in	 model‐building	 (Addison	 et	 al.,	 2013;	 Low	 Choy,	
O'Leary,	 &	 Mengersen,	 2009;	 Shirk,	 Wallin,	 Cushman,	 Rice,	 &	
Warheit,	2010)	and	testing	(Drew	&	Perera,	2012;	van	Zonneveld,	
Castañeda,	 Scheldeman,	Etten,	&	Damme,	2014).	Confidence	 in	
the	use	of	 SNM	should	 increase	 if	 there	 is	 a	degree	of	 consen‐
sus	 between	 model	 predictions	 and	 independent	 expert	 judg‐
ment.	 Using	 statistical	models	 of	 the	 realized	 niche	 of	 vascular	
plants	 and	 bryophytes	 in	 Britain,	 we	 investigated	 how	 expert	
opinion	can	be	used	to	 rapidly	evaluate	a	 large	number	of	SNM	
that	have	been	developed	for	a	significant	fraction	of	the	British	






testing	 the	 ability	 of	 each	model	 to	 reproduce	 random	 samples	











That	 is,	 each	niche	 is	 a	modeled	probability	 space	defined	by	 the	
main	effects	and	 interactions	between	climate,	vegetation	height,	
indicators	of	 substrate	pH,	 fertility,	 and	 substrate	wetness	 across	
the	time	interval	 in	which	the	model‐building	data	were	collected.	







change	 that	 drive	 change	 in	 soil	 variables	 (Smart,	 Henrys,	 et	 al.,	
2010;	de	Vries,	2010).	Species	presence/absence	data	used	to	build	
the	 models	 were	 available	 at	 relatively	 fine	 resolution	 (maximum	
200	m2	[14.14	×	14.14	m]	to	minimum	4	m2).	This	lessens	the	chance	
of	 poor	 model	 fit	 resulting	 from	 the	 averaging	 of	 environmental	
heterogeneity	(Huston,	1999).	SNM	were	derived	by	fitting	species	
presence	 and	 absence	 to	 the	 explanatory	 variables	 using	 five	 dif‐
ferent	 statistical	modeling	 techniques	 (Figure	1).	While	 the	model	
development	process	 is	 rigorous	and	scientific,	 in	as	much	as	 it	 is	










lematic	 even	 though	 the	 concept	 of	 the	 niche	 remains	 extremely	
useful	 (Araújo	 &	 Guisan,	 2006;	 Chase	 &	 Liebold,	 2003;	 Pulliam,	















of	 all	 species	 in	 the	MultiMOVE	 R	 package	 (Figure	 1).	 Both	 ex‐
perts	were	 deemed	 sufficiently	 familiar	with	 the	 habitat	 prefer‐
ences	of	 the	British	 flora	 to	be	able	 to	 judge	the	quality	of	each	
species'	model	as	a	 representation	of	 its	 realized	niche.	Our	aim	












questions:	 (1)	 Do	 the	 response	 curves	 resulting	 from	 each	 of	 the	
five	modeling	 techniques	 reproduce	 the	 expected	 niche	 response	
of	the	species	according	to	the	experience	of	the	expert?	(2)	Since	






















mation‐rich	 visualisations	 could	 yield	 more	 accurate	 and	 compre‐
hensive	validation.
In	summary,	we	sought	to	answer	the	following	questions:
1.	 How	 did	 the	 two	 experts	 rate	 the	 ability	 of	 the	 models	 to	
capture	 the	 niche	 of	 each	 species?
2.	 To	 what	 extent	 did	 the	 experts	 agree	 with	 each	 other	 based	
on	 joint	validation	of	a	 random	subsample	of	 the	vascular	plant	
models?
3.	 Did	modeled	 species	 and	niche	 axis	 combinations	 judged	 to	be	
better	representations	of	the	species’	niche	coincide	with	higher	
quantitative	model	fit	statistics	for	each	species	model?
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2  | METHODS
2.1 | Selection of experts











al.,	2017).	However,	 in	order	 to	 further	 identify	 the	strengths	and	



















identification	 qualifications	 from	 the	 British	 Natural	 History	
Museum.	 The	 expert	 has	 15	 years'	 experience	 practicing	 as	 a	
professional	 botanist	 and,	 in	 the	 last	 8	 years	 as	 a	 professional	
bryologist.	 The	expert	 has	been	 a	 vice‐county	 recorder	 for	 the	
Botanical	 Society	 of	 Britain	 and	 Ireland	 (BSBI)	 for	 the	 past	
12	 years	 and	 a	 regional	 recorder	 for	 the	 British	 Bryological	
Society	 for	 8	 years.
Expert 2:	 This	 expert	 is	 a	 vegetation	 ecologist,	 bryologist	 and	
botanist	 with	 over	 20	 years'	 experience	 in	 the	 nature	 con‐
servation	 sector.	 The	 expert	 specializes	 in	 detailed	 vegetation	
surveys	 especially	 the	 UK	 National	 Vegetation	 Classification,	
designing	 &	 implementing	 vegetation	 monitoring	 programs,	
training	 in	 identification	 and	 survey	 skills,	 bryophyte	 surveys	





















fourfold	 from	8,316	 to	33,264	 (1,188	species	 *	7	niche	axes	 *	4	
model	methods)	and	confronted	the	expert	with	a	more	complex	
representation	 of	 each	 niche	 that	would	 have	 needed	 longer	 to	
evaluate.	We	return	to	this	 issue	 in	 the	discussion.	The	modeled	
response	 curves	were	 derived	 by	 solving	 each	model	 for	 values	
of	 the	 respective	 predictor.	 The	 range	 of	 the	 predictor	 variable	
on	 each	 x‐axis	 was	 defined	 by	 the	 maximum	 and	 minimum	 val‐
ues	in	the	complete	training	dataset	used	to	build	the	models	and	
was	therefore	the	same	for	every	species	assessed	(Henrys	et	al.,	
2015).	 Since	 each	 niche	 model	 included	 terms	 to	 be	 solved	 for	
other	predictors	 these	also	needed	to	contribute	 to	 the	solution	
of	 each	model	 along	each	ecological	 gradient.	This	was	done	by	







observed	values	 in	each	of	 the	sampled	 locations	 in	 the	 training	
data.	We	explore	this	option	later	in	the	paper.	Raw	probabilities	




software	 and	 the	 assessment	 methodology	 via	 email	 and	 tele‐
phone.	A	guidance	note	on	carrying	out	the	assessment	was	also	











define	this	scale	hence	assessment	was	 left	entirely	 to	the	 judg‐
ment	of	the	expert.	The	exact	quote	from	the	guidance	note	issued	
to	each	expert	is	as	follows:
[The	 niche	 of	 each	 species	 is	 described	 in	 terms	
of	 seven	 environmental	 axes	 that	 are	 all	 shown	
together	 on	 each	 species	 page;]	 …..[You	 should	
evaluate	 each	 of	 these	 separately	 by	 comparing	
what	the	response	curve	implies	about	the	species’	
preference	with	 your	 experience	 of	 the	 species	 in	
British	 habitats.	 If	 unsure	 because	 you	 cannot	 un‐
derstand	 the	 response	 or	 you	 suspect	 you	 do	 not	
have	enough	experience	of	the	species'	preferences	












of	 the	assessment	 categories,	 agreement	values	 can	also	be	 read‐
ily	calculated	for	each,	showing	for	example	whether	experts	were	
more	 likely	 to	disagree	when	applying	 the	“excellent”	score	or	 the	
“poor”	score.
2.4 | Comparison with quantitative model 
fit statistics
Area	under	the	receiver‐operator	curve	 (AUC)	statistics	 for	each	
species	 and	 each	model	 type	 in	 the	MultiMOVE	ensemble	were	
computed	as	 follows:	The	presence	absence	data	 for	 each	mod‐
eled	 species	 were	 split	 randomly	 into	 a	 75%	 training	 and	 25%	
test	 set.	For	each	species	and	modeling	method	we	 train	on	 the	
training	 set	 and	 predict	 the	 probability	 of	 presence	 on	 the	 test	
set.	 From	 this	 we	 calculated	 AUC	 values	 on	 the	 test	 set	 using	
the	“evaluate”	function	in	the	R	package	dismo	(Hijmans,	Phillips,	
Leathwick,	&	Elith,	2011).	For	each	species	and	modeling	method	
we	 repeated	 this	process	10	 times	and	extracted	 the	average	of	
the	AUC	values.	Scatter	plots	and	a	loess	smoother	were	used	to	
explore	whether	the	assessment	category	awarded	by	each	expert	
to	 each	 species	 ×	 niche	 axis	 combination	 varied	 systematically	





cal	 range	 as	 perceived	 by	 each	 expert.	 Prevalence	 was	 plotted	
against	mean	AUC	because	the	high	true	negative	rates	associated	
































substrate	 conditions.	 Species‐specific	 examples	 of	 model	 fits	 are	
discussed	below.	Model	assessment	scores	for	all	species	and	niche	
axes	are	available	in	Appendix	S4.
3.2 | Quantitative assessment of model fit
Mean	AUC	statistics	for	the	species	models	were	invariably	greater	
than	 0.8	 with	 most	 species	 having	 scores	 >0.9	 suggesting	 good	
%agreement= (total numberof identical assessments/total
numberofassessments)∗100.













3.3 | Assessment results in light of the 
literature review
We	 located	25	published	papers	 that	 reported	an	 independent	as‐
sessment	 of	 statistical	 species	 distribution	 models	 using	 expert	
opinion	 (Appendix	S1).	Compared	 to	 these	papers,	 our	 assessment	
involved	by	far	the	lowest	ratio	of	experts	to	study	organisms	(1–307	
for	bryophytes	and	1–881	for	vascular	plants	with	45	species	evalu‐















to	 these	expert‐centered	 sources	of	variation,	we	 suspect	 that	 the	
simplicity	of	the	univariate	model	summaries	may	have	also	mitigated	
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against	more	accurate	(nearer	to	the	truth)	and	more	precise	(less	un‐
certainty	surrounding	estimates	of	the	truth)	assessments.
3.4 | Trade‐offs between simple versus complex 
model summaries
At	least	three	factors	come	into	play	when	evaluating	each	model;	
(a)	 the	effectiveness	of	 the	way	model	 fit	was	summarized	for	the	
expert,	 (b)	 the	extent	 to	which	each	model	 reproduces	 the	obser‐
vations	used	to	build	the	model,	 (c)	the	extent	to	which	the	obser‐
vational	 data	 adequately	 represents	 the	 ecological	 preferences	 of	
the	 species.	 The	 AUC	 statistics	 address	 the	 second	 issue.	 Across	
the	 prevalence	 range,	 mean	 AUC	 values	 indicated	 generally	 very	
good	 fits	between	 the	model	predictions	and	hold‐out	 samples	of	
the	training	data.	We	might	therefore	have	expected	fewer	“poor”	
and	 “moderate”	 expert	 assessment	 scores.	 The	 two	 experts	were	
able	 to	 validate	 the	 fit	 of	 each	 species	model	 to	 each	 abiotic	 axis	
based	on	a	plot	of	the	simple	model	average	for	the	five	model	types	





ever	 possible,	 including	 graphing	 outputs	 from	 all	 available	model	
types	 with	 attached	 confidence	 intervals	 rather	 than	 presenting	
just	 the	average	prediction.	Expert	assessors	may	have	responded	















Excellent Good Moderate Poor Expert 2 totals
Excellent 2	(8) 2 1 1 6
Good 9 16	(17) 7 5 37
Moderate 9 39 44	(25) 14 106
Poor 1 14 62 64	(40) 141




TA B L E  1  Confusion	matrix	of	results	
for	species	assessed	by	both	experts
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3.5 | The critical importance of the 
background variables
Another	 important	 difference	 in	 the	 way	 model	 responses	 can	 be	
summarized	centers	on	the	choice	of	values	for	background	variables;	




ing	predictions	 to	vary	only	 in	 response	 to	 the	gradient	of	 interest.	















model	 to	predict	new,	 independent	observations	 (Wenger	&	Olden,	
2012;	Yates	et	al.,	2018).	Rather	it	is	a	validation	of	the	fit	of	the	model	
to	the	observations	upon	which	the	model	was	based.	The	greatest	
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observed	 values	 of	 explanatory	 variables	 for	 each	 location	 rather	
than	median	values	 across	 all	 locations	 also	 avoids	 applying	unre‐
alized	and	unrealistic	combinations	of	input	variables	that	do	not	do	
justice	to	the	fit	of	the	model	to	observations.
3.6 | The value of expert elicitation
Human	judgment	is	affected	by	a	range	of	known	biases	(McCarthy	
et	al.,	2004;	Tversky	&	Kahneman,	1974)	and	experts	are	no	ex‐
ception	 yet	 their	 opinions	 carry	 greater	weight	 than	 the	 nonex‐
pert	and	therefore	have	the	potential	for	great	benefit	 if	correct	





it	would	be	desirable	 to	have	more	experts	 carry	out	 the	model	
assessment.	The	size	of	the	task	is	large	however,	given	the	many	
species	and	niche	axis	combinations.	A	way	forward	would	be	to	
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